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ABSTRACT 
 

As adolescents using mobile phone rapidly increase, the associated problems are also reported, one of 
which is mobile phone dependency. While several cross-sectional studies revealed the associations between 
mobile phone use and mobile phone dependency, little is known about the causal directions between the 
two variables. To examine the causality, this study developed and empirically tested a series of 
autoregressive cross-lagged models where prior mobile phone dependency predicts both subsequent mobile 
phone dependency and mobile phone use, and vice versa, using longitudinal data. The data of 1,148 
adolescent mobile phone users from Korean Children and Youth Panel Survey of Grade 4 students who 
were followed for 6 years (2010-2015) were analyzed using structural equation modeling. Results 
suggested that prior mobile phone dependency predicted subsequent mobile phone use, while prior mobile 
phone use didn’t predict subsequent mobile phone dependency. Empirical evidence was found for mobile 
phone dependency as a causal precedence to mobile phone use. 

Keywords: Mobile Phone Dependency, Mobile Phone Use, Autoregressive Cross-lagged Model, KCYPS  
 
1. INTRODUCTION  

 
With rapid progress in information and 

communication technologies (ICT), their impacts 
on daily life of people are increasing.  Most of all, it 
is notable that widespread use of mobile phones 
increases, especially among adolescents. South 
Korea is one of Asian countries with high mobile 
phone usage rates [1]. Recent survey reported that 
95.0% of Koreans aged over 6 years have mobile 
phones and the rates have continuously increased 
since 2011 [2]. It is also reported that 77.0% of 
elementary school students over Grade 4, 95.3% of 
middle school students, and 94.7% of high school 
students have mobile phones in Korea [3]. The 
comparable rates of mobile phone owners among 
youths were reported in other Western and Asian 
countries [1],[4],[5]. Adolescents who frequently 
use their mobile phones have increased as well. A 
recent study surveyed to Korean youths reported 
that 87.6% of teens and 94.0% of youths in their 
twenties used mobile phones daily in 2016 and the 
rates have continually increased from 2013—80.2% 
of teens and 80.9% of youths in their twenties [6].  

As ICT devices have become a central part 
of daily life, dependency on the ICT has been 
widely discussed and reported. Few studies 
concerning mobile phone addiction or dependency 

have been conducted, especially in adolescents 
[4],[7],[8],[9], while there have been considerable 
studies about dependency on or addiction to 
internet. However, studies addressing the issue of 
mobile phone use or dependency are increasing fast 
recently.    

Previous studies have investigated a 
variety of problems associated with mobile phone 
use or dependency. Mobile phone dependency, 
being used to describe a problematic or excessive 
usage pattern of mobile phone [1], has been defined 
as a state which life patterns of using mobile phone 
become more salient, self-control for mobile phone 
use fails, and one continues to use mobile phone, 
despite serious biopsychosocial consequences [10]. 
Leung empirically examined the psychological 
factors of mobile phone dependency and found 
three factors—“compulsive text messaging”, 
“compulsive making and receiving calls”, and 
“obsessive thinking of using mobile phone” [1].   

It has been reported that 17.8% of Korean 
respondents aged 3 to 69 years were classified to 
risk group for smartphone over-dependency in 
recent nationwide research [10]. More interestingly, 
the over-dependency rate among adolescents was 
30.6%, being higher than any other age groups [10].  
There are studies reporting the comparable rates of 
mobile phone dependency among Spanish 



Journal of Theoretical and Applied Information Technology 
30th November 2018. Vol.96. No 22 

 © 2005 – ongoing  JATIT & LLS    

 

ISSN: 1992-8645                                                         www.jatit.org                                                        E-ISSN: 1817-3195  

 
7359 

 

adolescents. According to Sánchez-Martínez and 
his colleagues, 20.0% of the participants aged 13 to 
20 years were reported to be dependent on mobile 
phone, introducing another study reporting 34.0% 
of mobile phone dependency prevalence among 12-
years-old children in Spain [4]. A study surveyed to 
Hong Kong adolescents revealed the high-
dependency rate to be 16.9%, with the rate of 13.8% 
for male and 22.7% for female [1].   

Meanwhile, a measure of studies found the 
negative effects of mobile phone dependency or 
problematic mobile phone use. For example, smart 
phone over-dependency was found to be associated 
with a number of psychosocial problems— 
loneliness, anxiety, depression, impulsivity, low 
self-esteem, high stress levels and so forth—in 
Koreans aged 3 to 69 years [10]. Mobile phone 
dependency was shown to be also associated with 
attention problems, depression, social relationships, 
and academic achievement among Korean 
adolescents [11].  Specifically, the study revealed 
that mobile phone dependency had positive effects 
on depression, indicating the stronger the degree of 
mobile phone dependency, the higher the level of 
depression, and depression had also negative 
influences on the social relationships with friends 
and teachers, indicating the higher the level of 
depression, the worse relationships with friends and 
teachers [11]. In addition, mobile phone 
dependency had negative effects on attention, 
which had positive effects on language arts and 
mathematics achievement [11]. These findings 
revealed that mobile phone dependency was 
associated with various psychosocial problems not 
only directly but also indirectly. There were also 
found comparable study findings reporting the 
relationships between mobile phone dependency 
and a variety of maladjustments such as poor health 
practices [12], poor mother–child relationships [13], 
psychological distress [9], suicidal attempts and 
suicidal ideation [14] in Asian countries and Spain.  

Previous studies have also shown that high 
frequency of mobile phone use is related to 
negative outcomes. Lepp and his colleagues 
examined the relationships between frequent 
mobile phone use and life satisfaction among 
American college students [15]. The study findings 
revealed that mobile phone use and texting 
influenced life satisfaction indirectly through GPA 
and anxiety [15].  The associations between mobile 
phone use and physical health were also 
investigated. The results revealed that frequent 
mobile phone use had negative effects on physical 
health measured by cardio respiratory fitness [16]. 
Some researchers used a variable combined with 

frequencies of mobile phone use and qualitative 
aspects of mobile phone use to examine the 
associations between mobile phone use and mental 
health problems [17].  

As described above, researchers used 
different concepts or measures to elucidate the 
disadvantageous effects associated with mobile 
phone use—mobile phone dependency, frequent 
mobile phone use, and combined measures. While 
there are conceptual and methodical controversies 
concerning mobile phone dependency or mobile 
phone addiction, it should be noted that mobile 
phone overuse is a different concept with mobile 
phone dependency [18] and it does not necessarily 
produce negative outcomes [19]. Given differences 
and relationships between mobile phone overuse 
and mobile phone dependency, mobile phone 
dependency should be considered in the 
associations between maladjustments and highly 
frequent mobile phone use.  

Meanwhile, there have been substantial 
studies reporting the significant relationships 
between mobile phone dependency and mobile 
phone use [20],[21]. For example, Hong and his/her 
colleagues found that mobile phone addiction had 
significant effects on amount of daily calls and text 
messages [19]. According to the study examining 
the effects of demographic and psychosocial 
predictors on intensive mobile phone use among 
Spanish adolescents aged 13 to 20 years, mobile 
phone dependency increased the risk of being 
intensive mobile phone users by three times [4]. 
Similar findings were reported among Koreans as 
well—higher frequencies and more time spent in 
mobile phone use were found in risk group for 
smartphone over-dependency than normal group 
[10].  

However, the causal directions between 
the two variables—mobile phone dependency and 
mobile phone use—were not clearly examined 
because almost all studies were cross-sectional. 
Given the causality being unexamined, this study 
aims to verify the causal direction using 
longitudinal data and autoregressive cross-lagged 
(ARCL) model [22]. Specifically, the major 
research questions are as follows:   

 
1. Is the cross-lagged effects from mobile 

phone dependency to mobile phone use significant, 
controlling the autoregressive effects of the two 
variables?  

2. Is the cross-lagged effects from mobile 
phone use to mobile phone dependency significant, 
controlling the autoregressive effects of the two 
variables?  
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2. METHODS 
 
2.1 Subjects 

Data for this study were drawn from a 
larger dataset, Grade 4 student panel of Korean 
Children and Youth Panel Survey (KCYPS). 
KCYPS is a longitudinal investigation for 
understanding change patterns of Korean children’s 
and adolescents’ attitudes and behaviors, and the 
relevant factors of the patterns [23].  

Children and adolescents participated in 
the study annually from 2010 to 2015. This study 
analyzed the data of 1,148 mobile phone users. 
Among the 1,148 participants, 503 (43.8%) were 
boys and 645 (56.2%) were girls. The average age 
of the participants was 9.95 years at the first-year 
survey. The rates of respondents owning mobile 
phone was 67.7% at Grade 4, 83.6% at Grade 5, 
90.0% at Grade 6, 94.3% at Grade 7, 95.1% at 
Grade 8, and 96.7% at Grade 9, showing increase 
for 6 years.  

 
2.2 Measures 
 
2.2.1 Mobile phone dependency    

Mobile phone dependency was measured 
using 7 items developed by Lee and his colleagues 
[24]. The items concern the degree of time increase 
in using mobile phone use, anxiety felt without 
mobile phone or calls, feeling isolated without 
mobile phone, extreme inconvenience without 
mobile phone, and so forth [23].  

Each item was measured with a four-point 
Likert scale ranging from 1 (very much) to 4 (not at 
all) and recoded with a high score being associated 
with a high level. Internal consistency (Cronbach’s 
α) ranged from .826 to .898 from Time 1 (2010) to 
Time 6 (2015).  
2.2.2 Mobile phone use   

Mobile phone use was measured using 9 
items, which were about the frequency of phone 
calls with family members, text messages with 
family members, phone calls with friends, text 
messages with friends, playing video games, taking 
photos, watching video, listening music, and time 
checking [23].  

Each item was measured with a four-point 
Likert scale ranging from 1 (frequently) to 4 (not at 
all) and recoded with a high score being associated 
with a high frequency. The average score of the 
items was used in the analysis. Internal consistency 
(Cronbach’s α) ranged from .705 to .724 from Time 
1 (2010) to Time 6 (2015).  

 

2.3 Analysis 
The longitudinal relations between mobile 

phone dependency and mobile phone use were 
examined with autoregressive cross-lagged (ARCL) 
model where one variable  measured at a given time 
point (t) is regressed on both the variable and the 
other variable measured at the prior time point (t-1) 
[16], using structural equation modeling (SEM).  

ARCL model has strengths to verify the 
causal relationships [25]. Autoregressive 
coefficients reflect the degree one variable at time t-
1 has effects on the variable at time t and cross-
lagged coefficients indicate the degree one variable 
at time t is predicted by the other variable at time t-
1. The equations for the ARCL model in the 
bivariate case are as follows:  
 
𝑦 𝛼 𝜌 𝑦 , 𝜌 𝑥 , 𝜀 ,   (1) 
𝑥 𝛼 𝜌 𝑥 , 𝜌 𝑦 , 𝜀 ,   (2)  

 
where 𝛼  and 𝛼  represent the intercepts at time t. 
In the equations, 𝜌  and 𝜌  represent the 
autoregressive coefficients, while 𝜌  and 
𝜌  represent the cross-lagged coefficients. 
Random errors are represented by 𝜀  and 𝜀  [26], 
[27].   

While 𝑦  and 𝑥  can be measured 
variables or latent variables, it is possible to control 
measurement errors and to statistically examine 
metric invariance over time in case of latent 
variable models [28]. This study analyzed the 
ARCL model using structural equation modeling. 
The SEM analysis was conducted in two steps, 
examining a measurement model to define latent 
variables and a structural model to specify the 
associations among the latent variables [29]. This 
study used AMOS 20.0 in the SEM analyses and 
employed maximum likelihood estimation, while 
descriptive statistics was analyzed using SPSS 20.0.   

The best-fit model was determined by 
comparing a series of ARCL models. This study 
conducted χ2 difference tests and compared the fit 
indices, Tucker–Lewis Index (TLI), comparative fit 
index (CFI), and Root Mean Square Error of 
Approximation (RMSEA), to determine which 
model more adequately described the longitudinal 
relations between mobile phone dependency and 
mobile phone use. The CFI and TLI values close 
to .95 and the RMSEA values smaller than .06 are 
considered to be good model fit [30][31].  
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3. RESULTS   

3.1 Descriptive Analysis 
Table 1 presents means, standard 

deviations, skewness, kurtosis, and intercorrelations 
for all the measured variables. As shown in table 1, 

no measure of any variables exceeded a univariate 
skewness of 2.0 and kurtosis of 4.0.  According to 
the criteria for normality (i.e., skewness: <2.0; 
kurtosis: <4.0 in SPSS), normal theory maximum 
likelihood was used in the SEM analyses [32]. 

Table 1: Descriptive Statistics and Intercorrelations of Measured Variables.  
(N=1,148) 

Note. mpdit : indicators of mobile phone dependency. i=number of indicators (1-3), t=number of time point (1-6). 
MPU=Mobile Phone Use. 
* p<.05; ** p<.01 

 

3.2 Measurement Model 
The measurement model was estimated 

using confirmatory factor analysis, as shown in 
figure 1.  Mobile phone use was not included in 
the analysis, being analyzed as a measured 
variable. Mobile phone dependency had three 
indicators, which were constructed using item 
parceling. A series of measurement invariance 
tests were conducted to determine the best fit 
measurement model (see table 2). Model 1 was the 
baseline model where the first factor loadings of 
mobile phone dependency from Time 1 to Time 6  
were constrained to one, while other factor 

loadings were not constrained. Next, all the factor 
loadings were constrained to be equal across time 
to test full measurement invariance in Model 2. 
The χ2 difference test results between Model 1 and 
Model 2 indicated that full measurement 
invariance was not hold. The constraints increased 
the χ2 value from 349.831 to 379.197, obtaining 10 
df and the value of χ2 difference between Model 1 
and Model 2 was statistically significant (p<.05). 
The CFI value also decreased from .979 to .978, 
indicating worse model fit.  

Thus, the third factor loadings were 
unconstrained to be equal across time, while other 
loadings were constrained in Model 3. The χ2 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 
1.mpd11 

2.mpd21 .517** 

3.mpd31 .546** .638** 

4.mpd12 .321** .221** .292** 

5.mpd22 .254** .270** .249** .638** 

6.mpd32 .267** .219** .303** .637** .727** 

7.mpd13 .227** .146** .208** .429** .307** .355** 

8.mpd23 .187** .190** .194** .362** .368** .355** .695** 

9.mpd33 .206** .178** .250** .389** .336** .396** .693** .750**

10.mpd14 .172** .122** .160** .313** .196** .230** .405** .359** .399**

11.mpd24 .160** .127** .130** .261** .206** .231** .289** .331** .334** .706**

12.mpd34 .146** .112** .161** .292** .212** .247** .332** .322** .408** .709** .764**

13.mpd15 .141** .084** .129** .267** .156** .202** .340** .300** .337** .429** .360** .389**

14.mpd25 .148** .135** .133** .219** .153** .175** .283** .309** .331** .345** .359** .348** .701**

15.mpd35 .160** .133** .170** .210** .166** .230** .285** .272** .361** .344** .359** .413** .686** .718**

16.mpd16 .150** .114** .176** .194** .118** .149** .293** .270** .297** .313** .260** .303** .443** .367** .418**

17.mpd26 .164** .161** .155** .165** .130** .124** .204** .254** .236** .234** .292** .270** .364** .423** .363** .663**

18.mpd36 .168** .158** .189** .177** .108** .177** .238** .242** .293** .280** .285** .370** .425** .408** .512** .700** .693**

19.MPU1 .332** .256** .293** .189** .136** .152** .117** .145** .130** .135** .120** .139** .089** .072* .087** .094** .106** .107**

20.MPU2 .114** .089** .092** .280** .261** .241** .179** .153** .135** .153** .131** .120** .124** .096** .110** .065* .049 .051 .345** 

21.MPU3 .091** .028 .073* .145** .130** .121** .292** .278** .225** .136** .110** .089** .104** .076* .079** .101** .066* .042 .246** .352** 

22.MPU4 .085** .009 .052 .091** .062* .034 .082** .114** .081** .250** .167** .152** .108** .045 .043 .094** .056 .034 .214** .271** .370** 

23.MPU5 .072* -.011 .012 .071* .048 .041 .078** .092** .081** .150** .147** .113** .231** .153** .146** .092** .079** .054 .141** .237** .274** .371** 

24.MPU6 .045 .038 .051 .060* .064* .050 .066* .085** .090** .101** .088** .055 .118** .098** .097** .257** .188** .126** .132** .186** .222** .303** .388**

M 1.977 1.486 1.465 2.158 1.659 1.628 2.432 2.010 1.936 2.574 2.244 2.104 2.540 2.252 2.070 2.544 2.263 2.101 2.966 3.097 3.289 3.374 3.382 3.394

SD .768 .628 .607 .795 .706 .706 .800 .768 .825 .769 .753 .819 .732 .717 .803 .703 .671 .773 .460 .471 .456 .432 .414 .419

Skewness .538 1.334 1.605 .472 1.104 1.165 .180 .522 .699 .051 .264 .434 .049 .226 .419 -.004 .044 .345 -.188 -.200 -.467 -.559 -.577 -.725

Kurtosis -.375 1.570 2.851 -.362 1.072 1.031 -.527 -.078 -.169 -.457 -.070 -.365 -.142 .061 -.415 -.122 .171 -.376 -.124 -.237 .017 .318 .698 .845
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Figure 1: Measurement Model  

 

difference test results between Model 1 and Model 
3 indicated that partial measurement invariance 
was hold—the constraints increased the χ2 value 
from 349.831 to 359.215, obtaining 5 df and the 
value of χ2 difference between Model 1 and Model 
3 was not statistically significant (p>.05). In 
addition, the TLI value increased from .970 
to .971 and the RMSEA value decreased 
from .045 to .044, suggesting better model fit. 
Finally, Model 3 yielded better fit than any other 
models. 

 

Table 2: Measurement Model Fits and Model 
Comparisons. 

Model χ2 df TLI CFI RMSEA(90%CI) △ χ2 △df

1 349.831 105 .970 .979 .045(.040, .050)   

2 379.197 115 .970 .978 .045(.040, .050) 29.366 10

3 359.215 110 .971 .979 .044(.039, .050) 9.384 5

Note. Model comparisons 
Model 1: Baseline model (a1≠a2≠a3≠a4≠a5≠a6, 
b1≠b2≠b3≠b4≠b5≠b6)  
Model 2: All the factor loadings were constrained to be 
equal across time (a1=a2=a3=a4=a5=a6, 
b1=b2=b3=b4=b5=b6). 
Model 3: The third factor loadings were not constrained 
to be equal across time (a1=a2=a3=a4=a5=a6, 
b1≠b2≠b3≠b4≠b5≠b6).   
 

3.3 Structural Model 
The best-fit model was determined by 

comparing a series of ARCL models as shown in 
figure 2 and table 3. Model 1 was the model where 
partial measurement invariance of mobile phone 
dependency was hold and the autoregressive 

cross-lagged effects between mobile phone 
dependency and mobile phone use were freely 
estimated. Next, error covariances between mobile 
phone dependency and mobile phone use from 
Time 2 to Time 6 were additionally estimated in 
Model 2. Estimation of the error covariances 
between mobile phone dependency and mobile 
phone use decreased the χ2 value from 1114.282 to 
846.484, losing 5 df and the χ2 difference between 
Model 1 and Model 2 was statistically significant 
(p<.05), indicating better fit of Model 2. The TLI 
value increased from .919 to .942 and the CFI 
value also increased from .934 to 953, with the 
RMSEA value decrease from .058 to .050, 
suggesting the model fit improvement.  

In Model 3, constraints of the 
autoregressive coefficients of mobile phone 
dependency being equal over time were added to 
Model 2. By these constraints, χ2 value increased 
from 846.484 to 850.076, gaining 4 df and the χ2 
difference between Model 2 and Model 3 was not 
statistically significant (p>.05). The TLI value 
increased from .942 to .943 and the RMSEA value 
decreased from .050 to .049, indicating the model 
fit improvement. Followed by Model 3, the 
autoregressive coefficients of mobile phone use 
were constrained to be equal over time in Model 4. 
The χ2 value increased from 850.076 to 852.299 
and df increased from 226 to 230. The increase in 
χ2 value was not statistically significant (p>.05). 
The TLI value increased from .943 to .944, while 
the CFI value and RMSEA value were same. 
These results indicated the model fit of Model 4 
was better than Model 3.   
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Figure 2: Structural Model 

Note. Measurement errors are not included for simplicity of presentation.  
 

Table 3: Structural Model Fits and Model Comparisons. 

Model χ2 df TLI CFI 
RMSEA 
(90%CI) 

△ χ2 △df 

1 1114.282 227 .919 .934 .058(.055,.062)   

2 846.484 222 .942 .953 .050(.046,.053) 267.798 5 

3  850.076 226 .943 .953 .049(.046,.053) 3.592 4 

4 852.299 230 .944 .953 .049(.045,.052) 2.223 4 

5 856.688 234 .945 .953 .048(.045,.052) 4.389 4 

6 864.780 238 .946 .953 .048(.045,.051) 8.092 4 

7 883.581 242 .945 .952 .048(.045,.052) 18.801 4 
Note. Model comparisons 
Model 1: Only the second factor loadings of mobile 
phone dependency were constrained to be equal across 
time (a1=a2=a3=a4=a5=a6).  

Model 2: Error covariances (c1-c5) were estimated. 
Model 3: Autoregressive coefficients of mobile phone 
dependency were constrained to be equal 
(d1=d2=d3=d4=d5).  
Model 4: Autoregressive coefficients of mobile phone 
use were constrained to be equal (u1=u2=u3=u4=u5). 
Model 5: Cross-lagged coefficients from mobile phone 
dependency to mobile phone use were constrained to be 
equal (du1=du2=du3=du4=du5). 
Model 6: Cross-lagged coefficients from mobile phone 
use to mobile phone dependency were constrained to be 
equal (ud1=ud2=ud3=ud4=ud5). 
Model 7: Error covariances were constrained to be equal 
(c1=c2=c3=c4=c5).  

 
In Model 5, constraints of the cross-

lagged coefficients from mobile phone 
dependency to mobile phone use being equal over 
time were added to Model 4. These constraints 
increased the χ2 value from 852.299 to 856.688, 
obtaining 4 df and the χ2 difference between 
Model 4 and Model 5 was not statistically 

significant (p>.05). The TLI value increased 
from .944 to .945 and the RMSEA value 
decreased from .049 to .048. The results implied 
that the model fit of Model 5 was better than 
Model 4. Constraints of the cross-lagged 
coefficients from mobile phone use to mobile 
phone dependency being equal across time were 
added to Model 5, the model called Model 6. The 
additional constraints increased the χ2 value from 
856.688 to 864.780 and also increased df from 234 
to 238 by 4. The change in the χ2 value was not 
statistically significant (p>.05), with the TLI value 
increase from .945 to .946. The results indicated 
that Model 6 yielded a better model fit than Model 
5. Followed by Model 6, error covariances 
between mobile phone dependency and mobile 
phone use from Time 2 to Time 6 were 
constrained to be equal in Model 7.  The χ2 value 
increased from 864.780 to 883.581 and df 
increased from 238 to 242 by 4. The increase in χ2 
value was statistically significant (p<.05). The TLI 
value decreased from .946 to .945 and the CFI 
value also decreased from .953 to .952, with the 
same RMSEA value. These results suggested the 
model fit of Model 7 was worse than Model 6. To 
summarize, 7 ARCL models were compared and 
Model 6 yielded the best model fit among these 
models.  

Table 4 presents the final ARCL model 
parameter estimates. First, the autoregressive 
effects of mobile phone dependency were 
statistically significant (b = .514, p<.001), 
indicating the higher the level of mobile phone 
dependency at the prior year, the stronger the 
degree of mobile phone dependency at the 
subsequent year. Second, autoregressive effects of 
mobile phone use also were statistically significant 
(b = .347, p<.001), indicating the more frequent 
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mobile phone use at the prior year, the higher the 
frequency of mobile phone use at the following 
year. Third, the cross-lagged effects from prior 
mobile phone dependency to subsequent mobile 
phone use (du1-du5) were statistically significant 
(b = .026, p<.01), while the cross-lagged effects 
from mobile phone use at prior year to mobile 

phone dependency at the subsequent year (ud1-
ud5) were not significant (b = -.008, p>.05). The 
results implied that the higher the level of mobile 
phone dependency at the prior year, the more 
frequent use of mobile phone, but mobile phone 
use at the prior year didn’t increase the degree of 
mobile phone dependency.   

 

Table 4: Parameter Estimates for the Final Model.  

Note. MPD1- MPD6 : mobile phone dependency from Time 1 to Time 6, MPU1- MPU6 : mobile phone use from Time 
1 to Time 6.  
 ** p<.01; *** p<.001 

Parameter b SE  β t 

Auto-
regressive 

Effects 

MPD1 → MPD2 (d1)     .514*** .014 .419 36.989 

MPD2 → MPD3 (d2)     .514*** .014 .486 36.989 

MPD3 → MPD4 (d3)     .514*** .014 .507 36.989 

MPD4 → MPD5 (d4)     .514*** .014 .541 36.989 

MPD5 → MPD6 (d5)     .514*** .014 .567 36.989 

MPU1 → MPU2 (u1)     .347*** .013 .338 27.670 

MPU2 → MPU3 (u2)     .347*** .013 .357 27.670 

MPU3 → MPU4 (u3)     .347*** .013 .367 27.670 

MPU4 → MPU5 (u4)     .347*** .013 .364 27.670 

MPU5 → MPU6 (u5)     .347*** .013 .348 27.670 

Cross-
lagged 
Effects 

MPD1 → MPU2 (du1)     .026** .010 .027 2.634 

MPD2 → MPU3 (du2)     .026** .010 .034 2.634 

MPD3 → MPU4 (du3)     .026** .010 .038 2.634 

MPD4 → MPU5 (du4)     .026** .010 .041 2.634 

MPD5 → MPU6 (du5)    .026** .010 .039 2.634 

MPU1 → MPD2 (ud1) -.008 .018 -.006 -.469 

MPU2 → MPD3 (ud2) -.008 .018 -.006 -.469 

MPU3 → MPD4 (ud3) -.008 .018 -.006 -.469 

MPU4 → MPD5 (ud4) -.008 .018 -.006 -.469 

MPU5 → MPD6 (ud5) -.008 .018 -.006 -.469 

Factor 
Loadings 

MPD1 

→ mpd11  1.000  .657  

→ mpd21 (a1)     1.003*** .015 .778 67.951 

→ mpd31 (b1)     1.007*** .040 .820 25.399 

MPD2 

→ mpd12  1.000  .763  

→ mpd22 (a2)     1.003*** .015 .850 67.951 

→ mpd23 (b2)      .994*** .029 .851 34.029 

MPD3 

→ mpd13  1.000  .805  

→ mpd23 (a3)     1.003*** .015 .852 67.951 

→ mpd33 (b3)     1.109*** .029 .866 37.595 

MPD4 

→ mpd14  1.000  .831  

→ mpd24 (a4)     1.003*** .015 .862 67.951 

→ mpd34 (b4)     1.110*** .028 .873 39.785 

MPD5 

→ mpd15  1.000  .833  

→ mpd25 (a5)     1.003*** .015 .850 67.951 

→ mpd35 (b5)     1.096*** .029 .841 37.196 

MPD6 

→ mpd16  1.000  .809  

→ mpd26 (a6)     1.003*** .015 .821 67.951 

→ mpd36 (b6)      1.173*** .034 .851 34.829 
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 4. DISCUSSION  

 
This study examined the longitudinal 

relations between mobile phone dependency and 
mobile phone use to understand the causal 
directions between the two variables using ARCL 
model. The key findings were as follows. 

First, the model where error covariances were 
estimated and each autoregressive cross-lagged 
coefficient was constrained to be equal yielded the 
best model fit among the compared ARCL models. 
Second, autoregressive effects of mobile phone 
dependency were statistically significant; the 
mobile phone dependency measured at the 
previous year had positive effects on the variable 
measured at the following year. Third, 
autoregressive effects of mobile phone use were 
also statistically significant; the mobile phone use 
at the prior year had positive effects on the 
variable at the subsequent year. Fourth, the cross-
lagged effects from mobile phone dependency to 
mobile phone use were statistically significant; 
mobile phone dependency at the previous year had 
positive influences on mobile phone use at the 
following year.  Finally, the cross-lagged effects 
from mobile phone use to mobile phone 
dependency were not statistically significant; 
mobile phone use at the previous year had no 
effects on mobile phone dependency at the 
following year. These findings suggest the causal 
directions between mobile phone dependency and 
mobile phone use; mobile phone dependency is a 
predictor for mobile phone use.  

The results showing these causal directions 
were supported by several studies examining the 
relationships between mobile phone dependency 
and mobile phone use. According to these studies, 
mobile phone dependency or addiction increased 
mobile phone use frequency [4],[10],[19]. Internet 
addiction research also supports the direction of 
relationships between dependency and use. 
Charlton and Danforth [33] suggested there may 
be overusers who are not addicted to certain 
technologies; overuse is not a requirement for 
dependency but dependency can cause overuse 
[19].   

These findings suggest practical implications.  
Previous studies which examined the associations 
between mobile phone overuse and a variety of 
negative outcomes [15],[16] focused on the roles 
of mobile phone use without consideration of 
mobile phone dependency. Mobile phone 
dependency as a predictor for mobile phone use 
should be focused in efforts to prevent or alleviate 
the associated problems with mobile phone use. 

Recently, there have been increasingly reported 
studies examining the predictors for mobile phone 
dependency [19],[34],[35]. According to these 
studies, individual factors such as social 
extraversion, anxiety, and self-esteem [19] and 
parenting factors including parental monitoring, 
parental warmth, rational explanation [34], and 
psychological control [35] were revealed to have 
effects on mobile phone dependency. As 
suggested in these previous studies, the predictors 
for mobile phone dependency should be further 
investigated and targeted to promote adolescents’ 
health and adjustments.   

While this study advanced our understanding 
of the causal directions between mobile phone 
dependency and mobile phone use, there are some 
limitations to consider. First, bivariate 
autoregressive cross-lagged effects were examined, 
although there would be other related variables, 
for example, the predictors for mobile phone 
dependency and the outcomes of mobile phone use. 
Therefore, future research should consider 
inclusion of the relevant variables in longitudinal 
analyses. Second, gender differences in the 
associations were not examined, while there may 
be gender gaps. Several studies suggested the 
gender differences in mobile phone dependency or 
mobile phone use. For example, the higher 
prevalence of mobile phone dependency [1], [21] 
and the more frequent use of mobile phone [18] 
were reported among girls. While these studies 
investigated gender differences univariatly, future 
research needs to examine gender gaps in the 
associations among the relevant variables with 
mobile phone dependency. Third, this study used 
the self-report of adolescents. The response may 
include inaccurate and subjective information, 
while the self-report of adolescents is supported in 
accuracy and relevancy [36]. Thus, the more 
objective measures or responses from multiple 
respondents (e.g., adolescent respondents and 
parental respondents) need to be considered for 
future studies.  

Despite these limitations, this study makes 
important contributions to adolescent mobile 
phone dependency research field. First, this study 
longitudinally examined the associations between 
mobile phone dependency and mobile phone use 
and confirmed the causal directions between the 
two variables. There have been several studies 
examining the relationships but those were cross-
sectional. Second, this study used extensive 
dataset collected in nationwide and long-term 
survey. Participants were selected from 16 regions 
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nationwide in Korea and surveyed from Grade 4 to 
Grade 9—the developmental period including not 
only early adolescence but also middle 
adolescence. Thus, the study findings are more 
generalizable.   
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